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[bookmark: _Toc235796409]ABSTRACT  
Wastewater utilities are experiencing increasing volumes of telemetry data driven by regulatory pressure, public scrutiny, and expanded Event Duration Monitoring (EDM). Spill validation remains predominantly manual task requiring analysts to interpret level and rainfall alerts and trends to distinguish between wet‑weather, dry‑weather, and spurious events such as maintenance. This project investigates whether deep learning computer vision; specifically, the one‑stage object detection model YOLOv11n, can classify spill events directly from line‑graph images, treating trends as visual patterns rather than numerical sequences.

A deductive, experimental methodology was adopted. Three datasets were created: (1) a feasibility set of synthetic straight‑line images, (2) a synthetic spill dataset combining level, threshold shading, and inverted rainfall histograms, and (3) a representative anonymised raw EDM dataset converted into weekly graph images. All images were manually labelled with bounding boxes for wet‑weather and dry‑weather spills. YOLOv11n was trained, validated, and tested on each dataset, with performance assessed using precision, recall, mean average precision (mAP), confidence scores, and bounding‑box accuracy (IoU). A final real‑time screen‑overlay experiment evaluated practical deployment potential.

Results show that YOLOv11n can successfully detect spill‑event shapes within line‑graph images. Synthetic data produced high precision and stable bounding‑box placement, though with signs of overfitting to idealised shapes. Raw data introduced noise, variability, and missing values, reducing precision but improving generalisability. Across experiments, YOLO consistently differentiated wet‑weather from dry‑weather spills, with confusion occurring only in borderline rainfall conditions. Real‑time overlay tests demonstrated fast inference and stable confidence scores, indicating feasibility for semi‑automated analyst support.

The findings suggest that visual spill classification using object detection is viable and could enhance consistency, reduce manual workload, and support training in a sector facing declining workforce retention. Future work should expand datasets, incorporate additional contextual variables, and evaluate human‑in‑the‑loop workflows to determine operational value.
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[bookmark: _Toc235796413]CHAPTER 1 – INTRODUCTION
Creative solutions often derive from constraints, to produce a feasible project within a firm timeframe, controls and limits shaped experiment and design decisions to meet measurable aims and objectives. AI and innovation are unavoidable terms in most current industries, particularly in data; the Water and Wastewater industry is no exception. This project seeks to explore model training using graphical visual representations of Wastewater Telemetry data as the input, with spill event classification bounding boxes as the output. 

During a time of reorganisation, increased public and regulatory pressure; a decision was made early to minimise cost and the use of qualitative data in order to maximise value from a single researcher, using academic open-source software and existing hardware, by focusing on a proof of concept exploring novel solutions to managing an increasing volume of data to process. 

The concept will explore whether computer vision has potential in classifying spill event data presented in graph format to a standard which would warrant further exploration, using data susceptible to variables such as the weather. Event Duration Monitoring (EDM) is a reoccurring theme amongst the latest Asset Management Period (AMP8) key areas of focus and innovation within the Wastewater Industry. The following literature review seeks to explore the following:

Aim: 
To use deep learning computer vision for classifying spill events on graphs as shapes 
and patterns rather than numerical analysis; using an existing one-stage object detection algorithm.  

Objectives:
· Using the model You Only Look Once; (YOLO11) version 11, produce accurate bounding boxes around wet and dry spill visual patterns within a graph derived from a manually labelled dataset. 
· Use anonymised real-world raw data to generate and overlay level, threshold, and rainfall data as graphs for training & testing, assessing accuracy of visual pattern recognition alone.
· Evaluate the model performance to determine whether a human-in-the-loop semi-automated classification could be developed in future, assessing output value rather than full user testing.
· Explore novel technologies to assess generalisability of a specific data set in an academic setting using open-source software to assess conceptual merit of developing a tool, to support consistent visual analysis interpretation.

[bookmark: _Toc235796414]CHAPTER 2 - RESEARCH & REVIEW OF LITERATURE
[bookmark: _Toc235796415]2.1 Wastewater Industry
[bookmark: _Toc235796416]2.1.1 EDM: public domain
An academic proof of concept requires a suitable dataset and Event Duration Monitoring (EDM) [1] explained by Dŵr Cymru Welsh Water (DCWW) was highly relevant and accessible. To report a spill, EDM data is used, rainfall offers further contextual insight into a dry day or wet day spill, although simplified for this project which excludes permitted flows, pump activity and other variables. Wastewater spills are a current relevant topic, available in the public domain, [2] [3], and central to regulatory discussions and reporting.  

[bookmark: _Toc235796417]2.1.2 More Data, Lower Retention
Windmill, published in The Institute of Water [4] highlights declining workforce retention; an estimated 47% of the workforce would need replacing in the years leading up to 2030, uptake in STEM disciplines within the utility sector, alongside the pressure to explore tools which support consistent and efficient data interpretation. From 2015 [5] Wales achieved 2,300 monitor installations, covering 99.5% of storm overflows (SOs), recording the number and duration of spills. An increase in monitors inherently results in an increase in data to process. This combination can be summarised as a varied experience level workforce who must then process greater volumes of data. Visual processing which supports consistent and contextualised classification would be beneficial to explore. 

[bookmark: _Toc235796418]2.1.3 Wet vs Dry Spill
Natural Resources Wales (NRW) [6] and the Environment Agency (EA) [7] distinguish permitted wet weather spills and potentially harmful dry weather spills. Although there are slight differences between regulatory bodies, [8] NRW considering Special Areas of Conservation (SAC) for example, both report annually, capture dry spills, and have agreed on the 12/24 reporting methodology using 15-minute data. This means at present, one 15-minute spill reading will be displayed publicly the same as a 12-hour continuous spill. Rainfall will provide context, the Met Office, a world leader in climate science, [9] [10]provides explanations and data.

[bookmark: _Toc235796419]2.1.4 Context matters
Dr Nick Mills [11] [12]UK Water Industry Research (UKWIR) explains a project ‘improving real-time bathing water quality information’, noting the public confidence if an unimpacted beach displays a red flag, to distinguish between a significant event and a minor, far from shore, short-lived overflow. 
“An overflow release for 2mins five kilometres out at sea will have a very different impact to a 12hour release within a few meters from the beach.”
UkWIR [13] identifies industry alignment on storm overflow data as an example of research focus to 2050 as part of the 2024 research strategy. Whilst the 2025 UKWIR [14] projects available for an expression of interest lists:
“  Event duration monitoring (EDM) real time reporting - data interpretation”
[image: ][bookmark: _Toc235796375]Figure 1 Visual representation of time series line graph next to wet well type container which would fill in response to rainfall. As level (red line) rises, in response to rainfall (inverted histogram blue) the well will fill and spill.




[bookmark: _Toc235796420]2.2 Visual Analysis and Interpretation
Line graphs provide additional context for analysts to interpret asset performance alongside binary and threshold alerts. Inherently complex, the data can be impacted by equipment performance,  seasons and weather, human behaviour such as sewage output (e.g. toilet flushing, tap usage) and maintenance visits. 

P. Thompson writes [15, p. 3] in detail on the capabilities of the human cognitive system, processing and absorbing visual information almost instantly and in significant quantities. In contrast, serial processing, required to understand datasets presented as tabular information, is slower. Other literature [16], [17], [18]  further supports the potential of visual analysis human interpretation when done well, P. Shah and J. Hoeffner [19] discuss how line graphs allow viewers to more accurately retrieve x-y trend information, than with bar graphs.  Tory and Möller [20] also emphasize that visualisation tool and evaluation design should account for the significant contribution from the human visualisation process. 

Whilst recognising this innate ability, Thompson [15, p. 23] cautions the limits of human visual attention and visual processing should be respected, emphasising working memory, visual distraction, edge effects, and chromostereopsis.  Thompson also notes [15, pp. 8-10] hue should be used carefully, using an example of yellow < red < green instead of red < yellow < green causing cognitive dissonance. Colour is generally ineffective when expressing numeric values, scale or ratio. Red and green especially, should be accompanied by other distinguishable characteristics such as shapes on a scatter plot to consider colour vision deficiency., with this in mind, two-dimensional displays viewers are able to discern proximity, position, distance, height, of data markers using reference elements such as x and y axes. 

Any visualisation has the potential to misrepresent data, but when used properly they can be used to communicate information effectively. Many users are uncomfortable with mathematics and numeric analysis, Statistic for the terrified seeks to address some of these fears but interestingly, a review criticised its lack of visual aids in its effort to educate. Other papers capture the innate ability humans possess to interpret line graphs especially well. 


[bookmark: _Toc235796421]2.3 Charts and Time-series as images
Several papers did show approaches to data extraction from charts [21, p. 1] Poco and Heer use Convolutional Neural Network (CNN) to classify the encoding of data withing graphical marks, text elements are identified and bounding boxes determined, OCR classifies the context e.g. title. DePlot by  Liu et. al. [22, p. 1] tasks LLM with plot to table data extraction, similarly ChartOCR by Luo et. al [23, p. 1] seeks to read chart values automatically to understand the content of various chart types. ReVision by Savva et. al. [24, p. 1] seeks to classify and extract underlying data though the graphical marks using computer vision and machine learning, ultimately seeking to offer alternative chart styles, fig 1. Is an example of converting a pie chart, often deemed inferior, into a bar graph. 

A common issue throughout is generalisability, ReVision (2011) citing a need for manual extraction, which should be a consideration for working with chart data even if the goal is classification not extraction. LineEX by Shivasankaran et. al. [25, pp. 1, 7] specifically targets scientific line chart extraction, outperformed by ChartOCR on ExcelChart400k dataset on which it was trained. 

[bookmark: _Toc235796422]2.4 Time-Series
Several papers explore the use of Artificial Neural Networks (ANNs) including Kapelan et. al. [26] on industry relevant data. A collaborative team from DCWW and University of Exeter [27] presents the application of ANN  data to telemetry wastewater data to identify issues, such as blockages, at combined overflows. With teams already exploring such algorithms and anomaly detection companies emerging, a different avenue is sought. 

Convolutional Neural Networks (CNNs) have also been applied to time series classification; whilst reviewing CNN as a subset of deep neural networks (DNNs) Fawaz e.t al. [28, p. 8] writes:
“Deep CNNs have seen a lot of successful applications in many different domains… such as reaching human level performance in image recognition problems”.

When exploring the existing use of time series deep learning classification, Hatami et. al [29] turning time-series data into what they describe as 2D texture images, considered less sparse than a line graph better allowing a CNN to learn, written in 2017. This project will explore if a line graph does hold enough visual data for more recent model training. Interestingly Wang and Oates; [30] Imagine Time-Series to improve classification and imputation also seemingly considers the negative space in a line graph empty pixels, real estate which could capture data, presenting the time-series instead as ‘Gramian Angular Summation/Difference Field’ visually resembling a heatmap, where every pixel contains a value encoding visual transitions and correlations. Although optimising for CNN training using every pixel, it was unexpected to read negative space was effectively dismissed as wasted pixels when it is a key aspect of perception in other fields, whereas rainbow heatmaps for human should be used with caution. Whilst these papers train the computer successfully on time series as images, human interpretation warrants further exploration. 

[bookmark: _Toc235796423]2.5 Human in the loop
Keim et. al.  [31, p. 1] emphasise the need to extract information contained within data. The increasing amount of daily data as collecting and storing capabilities increase, leading to an “information overload problem”. They continue to explain how their vision of visual analytics would seek to turn overload into opportunity, analytical discourse resulting from a transparent way of processing data and information. Instead of only results, visualisation will provide means of communication. [31, p. 3];
“Visual Analytics will foster the constructive evaluation, correction and rapid improvement of our processes and models and ultimately - the improvement of our knowledge and our decisions”.
Beyond medical journals mentioning alarm fatigue, a NZ Water paper [32] also addresses “learnings to address cognitive overload and alarm fatigue” .

Amershi et. al. [33] emphasises the study of users of the systems as machine learning advances. Resulting in more effective machine learning and better user experiences. Collaborative Human-computer interaction and machine learning must consider the user, but the effort will benefit end-users with more powerful tools and allow researchers to solve algorithmic problems. Increasing opportunities for the learner to impact the user and vice versa. Wang et. al. [34] also refers to an 
“Emerging trend of involving humans in the loop of machine learning and decision making.”
[image: ]
[bookmark: _Toc235796376]Figure 2 When an SO is at capacity and must spill or risk flooding, the data is captured in a monitor of the level which detects liquid height, values >=100% on a time series line graph represent spill ( consented in wet weather)  good classification problem – illustrated for project in PowerPoint

[bookmark: _Toc235796424]2.6 Visual Analysis
Mason [16] describes the rainbow colour scale as a bad practice in visualisation, often used by heatmaps. Several variables, hue, saturation, contrast can impact interpretation, the brightest colour is usually yellow but central in the scale, lightness impacts shape and depth perception. Although heat map style images may provide data rich pixels for machine learning, it is less optimal for human interpretation. Visual data extraction is further supported by Poco et. al [35, pp. 1,9], Fig 1. Demonstrates a redesign of colour mappings from rainbow to red > white > blue. 
Mason [16] references a regular column, ‘points of view’, addressing good visualisation practice, quotes one of the writers; Wong throughout, how the structure of the data can show the underlying structure visible by plotting data unlike looking at tables. One such article [36] discusses temporal data, recommends position as a favourable and effective visual variable, specifying mapping time to the horizontal axis and using line charts and bar charts. 

[bookmark: _Toc235796425]2.7 Negative Space
Returning to the time series as images [29], [30], and the avoidance of negative space, exploring an alternate perspective. Rahman et. al. writes [37] of extracting features from negative space,  Lange-Küttner and Chavez [38] study drawing techniques exploring negative space in a familiar context;
“Space-based instruction is thought to attenuate object-specific visual attention and to enhance perception of a spatial expanse.” 
Negative space is documented as human perceived space, providing context to the objects encompassed. 
“Using negative space is beneficial as it helps to shape visual hierarchies” writes [39] Yadav.
Further reading for machine learning adjacent use of negative space led to Wu et. al. [40] introducing the use of YOLOv8, selected for:
“Fast and accurate localisation of targets. This paper specifically refers to the “theory of image moments, the contour of ‘negative space’”,  
The proposed method [40] achieving a “5% improvement from 65% to 70%”, whilst also exhibiting a “speed advantage of more than 2.6 times”, with computation time reduced to 210ms from 550ms, justifying a geometric analysis as a replacement for complex 3D deep-learning models. 

[bookmark: _Toc235796426]2.8 YOLO object detection
Redmon, Divvala, Girdshick and Farhadi [41] first presented YOLO in 2016, it has since evolved through several versions. Bounding boxes, spatially separated, and associated to class probabilities is achieved by  framing object detection  as a regression problem:
“A single neural network predicts bounding boxes and class probabilities directly from full images in one evaluation. Since the whole detection pipeline is a single network, it can be optimized end-to-end directly on detection performance.”
The writers observe the instant recognition from a glance at an image of which humans are capable. Image pixels, class probabilities and bounding box coordinates are treated as a single regression problem, by “only looking once” at an image to make predictions. YOLO [41, pp. 1-3] considers the entire image, a global context seems more appropriate for graph analysis than region proposal-based techniques and sliding window approaches. Also, by predicting all classes simultaneously, reasoning globally, using an S x S grid, which object detection responsibility dependent on the grid cell. A bounding box consists of x, y, predictions, alongside w (width), h (height) and confidence. 

The box offers a clear visual system. To compensate for average confidence scores being driven down by empty cells, leading to model instability, loss from bounding box coordinate predictions increase whilst boxes containing no objects loss is increased. Final limitations of YOLO [41, p. 4] note spatial constraints, small objects near clustered may struggle with classification. The current 12/24 spill block counter methodology would make this less of an issue if YOLO is used to classify spills. Demonstrated within figure 5. from [41, p. 8]  YOLO is visually presented as achieving the highest recall and precision (after humans) against DPM, Posselets and RCNN. The literature review has not revealed YOLO being applied to wastewater trend graphs or spill classification, and this paper intends to explore that possibility. 

YOLOv4 speed and accuracy [42, p. 10] results show version 4 it to be faster and more accurate than the fastest detectors which can be trained on a conventional 8-16 GB-VRAM GPU. Murat and Kiran [43] during a comprehensive review on version of YOLO, explain the metrics used: 
“Intersection over Union (IoU) is another important evaluation metric used in object detection. It assesses how accurately the locations of objects are predicted by measuring the similarity between the predicted and the actual bounding boxes.”
They proceed to explain how the ratio, between 0 and 1, of actual bounding box and predicted box intersection, is what IoU refers to. A better prediction is presumed when predicted and actual boxes are more closely aligned, using a non-maximum suppression (NMS) approach, eliminating predictions below certain threshold, achieving more accurate object detection as is used in YOLO. In addition to NMS metrics, [43, pp. 1-4] used to evaluate models were utilized in the version evaluation were the following: 
· Precision TP/TP+FP: how many predicted positives were actually positive.
· True Positive (TP), True Negative (TN), False Positive (FP), True Negative (TN)
· Recall TP/TP+FN: how many true positives are predicted positive.
· Average Precision (Ap), values within recall curve using average precision. Higher is better. 
· Mean Average Precision (mAP): takes the AP average across all classes.
· Floating Point Operations (FLOPS): lower should equal less computational power.
· Params (M): number of weights learnt in the model, storage size of model. 
· Frames per seconds (FPS): number of images per second a model can process (speed)
The version comparison [43, p. 16] shows the transition from Darknet to Pytorch framework between YOLOv4 and YOLOv5. Concluding the improvements and additional features displayed as each version of YOLO is built on the previous. For this reason, YOLOv11, open source [44] for academic purposes through Ultralytics, will be used pending a feasibility test. 

[bookmark: _Toc235796427]2.8.1 Similar application of YOLO
Ang et. al [45, p. 1] describe a novel approach to real-time arrhythmia detection; accurate classification and detection of cardiac arrhythmias, combining electrocardiogram (ECG) home measurements with YOLOv8 nano. Impressively the abstract details trained on the “MIT-BIH arrythmia dataset”, with an” average accuracy of 99/5% and 0.992 mAP”, notably specifying NVIDA, a detection time of 0.002 seconds. The methodology clearly outlined using a flow diagram, [45, pp. 3-5] followed by YOLOv8 nano architecture, explaining the neck head and backbone, nano version of YOLO selection for real-time at home use. Further figures demonstrate the visualisation of the classification bounding box against ECG image, a waveform or line graph styled image. YOLO is clearly capable of recognising line as a pattern without transforming the data further. 10-fold cross-validation accuracy average is shown to be 0.995, all metrics were promising with the conclusion stating [45, p. 14]:
“state-of-the-art results for arrhythmia detection in the les of object detection… 99.4% and 99.5% for validation and test sets respectively.”
Tariq and Javed [46] analyse small object detection across YOLO model versions and hardware where NVIDA RTX 3070 alongside an AMD system, Ryzen 7 5800X form part of the experiment runs, concluding NVIDIA’s Tensorrt  outperformed by an extremely side margin.  

Further exploration of ECG classification highlighted an important consideration, a dataset would be imbalanced to show an abundance of normal behaviour, and abnormal cases would be scarcer. When training a dataset to detect an anomaly, the rare event might be the most important one to classify, a reflection to consider with the imbalance of weeks containing no spill compared to dry spills. To circumvent this imbalance, Adib et. al. [47] explore augmented data; “One solution is to generate realistic synthetic ECG signals” the paper exploring effectiveness of data augmentation against an imbalanced dataset.
[bookmark: _Toc235796428]Conclusion 
The literature review supports a proof of concept which will explore wastewater trend analysis and classification using YOLOv11n object detection, whether satisfactory accuracy can be achieved from a representative dataset, in an effort to support information overwhelm and consider innovative tools with human-in-the-loop more possible than ever through computer vision capabilities. As no existing papers exclusively focus on wastewater data being used to train yolo, but line graph classification in the form of ECG analysis shows strong potential, the dataset will need to be generated and gathered for use in training a YOLO model. The wastewater industry provides context into a relevant but accessible dataset, EDM. Simplifying the classification problem to differentiate a dry day spill and a wet day spill as a proximity presence of rainfall will minimise the dataset size for a single researcher to manually select, extract, convert to an image and label. Design choices should reflect observations from the visual analysis literature, time-series as line chart for example, should support future human interpretation provided the object detection successfully demonstrates enough classification capabilities. 
 [image: ]
[bookmark: _Toc235796377]Figure 3 What YOLO could hypothetically look like on a simulated wet weather spill, time series level and rainfall data represented as a line graph, 3x3 grid, probabilities and classification illustration. Illustrated for project in PowerPoint.
The remainder of this report presents the literature underpinning the approach, the methodology used to design and conduct the experiments, the implementation of synthetic and raw datasets, and an evaluation of YOLOv11n’s performance. Together, these chapters assess whether visual spill classification using object detection offers practical value for wastewater analysis.



[bookmark: _Toc235796429]CHAPTER 3 - RESEARCH AND DEVELOPMENT METHODOLOGY
[bookmark: _Toc235796430]3.1 Research Methodology
[bookmark: _Toc235796431]3.1.1 Philosophy: Pragmatism
You Only Look Once version 11 Nano (YOLOv11n), [48] [49] through Ultralytics [48] was selected as a result of the literature review. Hardware and software compatibility testing early to support the review. Through Ultralytics [50], the nano version was selected for optimal computational performance, although mAPval was lower, speed, params and FLOPs, were also reduced. 

Practical constraints such as available hardware and minimising costs through open-source software allowed insight into how lightweight the model could be. YOLO is an existing one stage object detection algorithm, within deep learning and computer vision. This experiment seeks to explore how YOLO might interpret raw data visualised in graphs. 
To anticipate the time needed to gather the raw data, generate the images and label them, it was considered a risk to only trial YOLO with the final dataset. The Ghantt chart on the following page shows the plan to split up the practical and allow time to return to the literature review if a new direction is needed or to farther expand on YOLO research. 

Once deemed successful enough to progress, R will be used to produce synthetic data to visually mimic a level and rainfall trend over one week to adjust visual variables before using raw data. Raw data will take longer to select gather and manually label and will take place near the end. The raw data is expected to introduce more noise and be a more challenging dataset to train with. 
The synthetic data, although requiring several revisits, is intentionally simplistic, more advanced synthetic generation was explored briefly, but to avoid diverting, the visual output shape was prioritised to assess how YOLO might perform with such shapes using screen overlay so that all design variables are decided before generating the final images to avoid re-generating and re-labelling. 

Synthetic spill images were generated in R to establish controlled conditions for early model training and to refine visual design variables before introducing raw data. Each image represented a seven‑day period, combining level data, a shaded 100% spill threshold, and inverted rainfall histograms positioned close to the spill region to maximise contextual visibility. Spill events were produced using simple looping functions to ensure balanced representation of wet‑weather, dry‑weather, and no‑spill classes. This approach aligns with literature highlighting the value of synthetic augmentation for imbalanced datasets and supports iterative tuning of colour, line thickness, and negative space.
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[bookmark: _Toc235796378]Figure 4 Table behind Ghantt Chart project plan
[bookmark: _Toc235796379]Figure 5 Ghantt Chart Project Plan

[bookmark: _Toc235796432]3.1.2 Research Approach: Deductive
Hypothesis: Transforming time-series level and rainfall data into line graph images will allow a one-stage object detection model to accurately classify and localise wet-weather and dry-weather spill events. 

This hypothesis allows for a deductive approach, beginning with an expectation and designing experiments to test, and evaluate if the evidence supports it. Experiments of varying complexity will be conducted to trial the hypothesis. The initial test using straight lines with a simplified axis, will determine if YOLO will run, if a line is too small an object, if the image resolution and complexity registers for classification. Once YOLO produces metrics to indicate successful training, and the bounding boxes classifications are correct, it is a good indication the literature was correct, as the ECG waveform [45] detection paper suggests. 

Synthesising a more complex data set, images of graphs overlaying rainfall intensity in mm/h and percentage level data, on an axis of Day 1-7, the 100% spill threshold visually represented, and the rainfall inverted to be closer in position to the spill threshold.  YOLO had learnt the shape of the synthetic function loop too well, recognising dry spill as sitting slightly higher above the threshold. However, the speed, position accuracy, and metrics were satisfactory to proceed with using raw data to introduce more variation, noise and complexity. The synthetic data supports the hypothesis, subject to input. With a better dataset in future and wider input better results would likely be achieved. 

[bookmark: _Toc235796433]3.1.3 Research Strategy: Experimental
The experiment will consist of three key stages:
· Synthetic_Lines: Generate, train, validate, test 200 synthetic straight-line images and labels as a feasibility test, confirming hardware and software compatibility. Classifications: incline, decline, flatline
· Synthetic_Spills: Generate 500 synthetic spill graph images, train, validate, test as a load test and basic pattern learning, amend variables and finalise design before next phase.
· Level Rain: Gather representative anonymised raw EDM and rainfall data, convert into 200 graph  images, label, train, validate, test, test real data noise understand real-world potential and limitations.


Variables to be explored include stylistic choices such as rainfall displayed as an inverted 0 axis histogram to display closer to the spill threshold, the 100% threshold as a shaded low contrast area, image size resolution, line thickness, border, title, axis label text. It should be noted this is not development of new software but assessing an existing machine learning algorithm using one stage object detection of a specific wastewater dataset. 
[image: Onion with solid fill]
[bookmark: _Toc235796434]3.1.4 Method: Mono-method quantitative
The metrics which will be used to evaluate include mAP, precision, recall, F1, confidence scores and bounding box position accuracy. The results will determine the acceptance or rejection of the claim. No Qualitative data, human participation or survey will be conducted as this is the precursor to any such development. A wireframe prototype concept will illustrate how the output of YOLO could be applied, pending performance.
A live screen overlay will provide additional insight into speed and confidence scores of a graph gradually drawn and look for signs of overfitting. A quantitative approach best utilises the existing metrics recognised throughout machine learning, as visible in the YOLO review [51] [43] [46] [50] papers. 

[bookmark: _Toc235796435]3.1.5 Time Horizon: Cross-sectional
Each graph will consist of 672 readings to represent one week of 15-minute data, ninety-six readings per day. 5-minute data will be aggregated after any potential missing values are replaced with 0, to align with the 15-minute level data until there are 672 rows, the timestamp column anonymised to Day_1-7, but the time of day will start at 00:00:00 to maintain some context but not shown on the axis. The approach seeks to explore visual analysis through the removal of numerical input into a model. Context such as season, asset location, name or size will also be removed. YOLO will be working with the position of the Level line graph plotting (left y axis), inverted rainfall histogram (right y axis), against the day and time x axis, low contrast shaded threshold, visually. Alongside the trained images will be the label files, detailing coordinates of bounding boxes and a classifier, which will link to the YOLO specific yaml file which lists the classifications, training and validation image and label folder pathway. 




[bookmark: _Toc235796436]3.1.6 Techniques: Data Collection & Data Analysis
Rainfall data was aggregated into 15-minute data after any missing values were replaced by zero data to simplify positioning alongside the level data. The level and rainfall data will be manipulated until there are 672 rows per image, all identifiers removed as agreed and specified in the ethics form found in the appendix. The data was password protected and encrypted, dates removed and transformed into Day_1-7 alongside 00:00:00, incrementing every 15 minutes. The data should not be considered a true representation of performance; rarer dry spill events were sought out for better training balance whilst most weeks displaying no spills were omitted, as YOLO needs to learn spills. The methodology of classifying a spill has also greatly been simplified. 

The rainfall shares a 5km2 area with the asset, the data does not consider flow, pump performance, upstream impact or drain down time. It was also manually gathered and should not be considered of regulatory standard. The goal with the data is to assess if YOLO has the capability to draw a contextual relationship to two visual patterns on the same graph, the synthetic data already proved YOLO recognised a line shape well, as is its use on ECG waveform data. The presence of rain on the graph in proximity to the spill is the sole criteria to classify between a dry spill and wet well, this also simplifies labelling process.  3.2 Experimental-based Project

[bookmark: _Toc235796437]3.2.1 Hypothesis
Hypothesis: Transforming time-series level and rainfall data into line graph images will allow a one-stage object detection model to accurately classify and localise wet-weather and dry-weather spill events. 

[bookmark: _Toc235796438]3.2.2 Hardware
[image: ]
[bookmark: _Toc235796380]Figure 6 Hardware: three devices used in total to combat various compatibility issues.
	Device:
	Radeon Desktop
	NVIDA Laptop
	NVIDIA Desktop

	Experiment 1:
	Revealed PyTorch incompatibility causing kernel to crash
	Successfully used for training synthetic lines model
	NA

	Experiment 2:
	Used for testing
	C: lacked space for the model training temp files
	Used for training synthetic lines models

	Experiment 3:
	Used for testing
	NA
	Used for training Raw Data model training


[bookmark: _Toc235796381]Figure 7 Hardware: Which devices was used per experiment, training or testing comments.

[bookmark: _Toc235796439]3.2.3 Software
The software used was selected for its compatibility, suitable complexity to meet deadlines, improvements to experiments such as making dates easier to work with and more control over the visual outputs. Many of the software used are open source entirely or for academic purposes, some are hardware dependent or common Windows packages. 
[image: ]
[bookmark: _Toc235792734][bookmark: _Toc235796382]Figure 8 Software used, version, notes such as packages and compatibility. [52] [53] [54] [55] [48] [56] [57] [58] [59] [60] [61] [62]


[bookmark: _Toc235796440]3.2.4 Inputs 
[bookmark: _Toc235796441]Experiment 1: input and output example

[bookmark: _Toc235796383]Figure 9 Experiment 1 example inputs, straight lines of varying degrees, to be classified incline, decline and flatline.
[bookmark: _Toc235796442]Experiment 2: inputs example [bookmark: _Toc235796384]Figure 10 Synthetic Spill input examples left wet_spill, right: dry spill, no spill would have the red line stay below 100% threshold

[bookmark: _Toc235796443]Experiment 3: inputs example[bookmark: _Toc235796385]Figure 11 Left: Raw Data wet weather spill input example, Right: dry weather spill input example









[bookmark: _Toc235796444]
CHAPTER 4 - DESIGN & IMPLEMENTATION
[bookmark: _Toc235796445]4.1 Design  
Design choices were informed directly by the visual analysis literature. Line thickness, rainfall inversion, threshold shading, and colour selection were chosen to maximise visual separability while avoiding cognitive overload. Negative space was intentionally preserved to support human interpretation and bounding‑box clarity. Axis labels were removed to reduce OCR noise, and rainfall was inverted to position contextual information closer to the spill threshold. These decisions ensured consistency across synthetic and raw datasets and aligned with best practice in temporal visualisation.
[bookmark: _Toc235796386]Figure 12 R code to show output image styling choices


[bookmark: _Toc235796446]4.2 Synthetic Spill Generation
[bookmark: _Toc235796447]
4.2 Implementation
The screen overlay experiment demonstrated that YOLOv11n can operate in real time, drawing bounding boxes as the graph is rendered. Confidence scores remained stable, and inference speed was sufficient for live trend review. This suggests potential integration into analyst dashboards, where the model could highlight spill regions automatically, reducing manual scanning time. The approach aligns with human in the loop principles, allowing analysts to verify or override classifications while benefiting from automated visual guidance. Edje Electronics [63] Video tutorials offered some reassurance to the training process and expectant output.  

Implementation consisted of three sequential phases: synthetic lines, synthetic spills, and raw EDM data. All images were labelled manually using LabelImg, with bounding boxes assigned to two classes: wet_spill and dry_spill. A consistent labelling protocol was applied to ensure reproducibility, including fixed box padding, class naming conventions, and exclusion of ambiguous borderline cases. A YAML configuration file defined class names, dataset paths, and training parameters.

YOLOv11n was selected due to its lightweight architecture, reduced FLOPs, and suitability for mid‑range hardware. Training was conducted using Ultralytics’ implementation, with early stopping enabled to prevent overfitting. Synthetic lines were trained first to confirm that YOLO could detect small line‑based objects and that the hardware could complete training without kernel crashes. Once feasibility was confirmed, synthetic spill images were introduced, allowing refinement of visual variables and testing of class separability. Raw EDM data was then gathered, anonymised, converted into weekly graphs, and labelled. Raw data introduced realistic noise, missing values, and rainfall variability, providing a more challenging dataset for YOLO to learn from.

Training metrics, including loss curves, precision, recall, mAP, and IoU, were monitored throughout. Validation batches were inspected visually to confirm correct bounding‑box placement and class predictions. A final real‑time screen‑overlay experiment was conducted using a live graph rendering script, allowing YOLO to draw bounding boxes as the trend appeared. This tested inference speed, confidence stability, and practical deployment potential. Across all phases, implementation emphasised reproducibility, controlled experimentation, and alignment with visual analysis best practice.


[bookmark: _Toc235796448]4.3 Practical Application and Deployment (Experiment-based project) 
A wireframe prototype was created in Figma to show how an analyst might interact with the trained YOLOv11n model outputs. As a wireframe it only seeks to illustrate the proof of concept and is not fully functional, a real tool could be linked with power apps to generate tasks or email. The prototype link can be found here: https://www.figma.com/proto/qRtOxfcrZ31cvJEClxm6EI/Seeing-Spills-Wireframe-Images?node-id=0-1&t=DoKCCzwlMtyatlXC-1 
[image: ]
[bookmark: _Toc235796387]Figure 13 Seeing Spills Wireframe suggested prototype example
Further developing this tool would require further YOLO training refinement and user feedback  to ensure a visual trend is suitable for analysis to relevant users and that the interface satisfies activity requirements. 


[bookmark: _Toc235796449]4.4 File and Folder structure example
project/
│
├── data/
│   ├── Raw_Data_Graph_images/
│   │   ├── images/
│   │   └── labels/
│   ├── 200_Synthetic_spills/
│   │   ├── images/
│   │   └── labels/
│ 
│       
│
├── models/
│   └── yolov11n/
│
├── config/
│   └── data.yaml
│
├── scripts/
│   ├── 200_synthetic_spills.R
│   ├── Raw_Data_Graph.R
│   └── overlay_inference.py
│
└── results/
    ├── experiment1/
    ├── experiment2/
    ├── experiment3/
    └── overlay/

[bookmark: _Toc235796450]Data.yaml file Raw Data Graph Example
train: D:/Independent_Project/Raw_Data_Graph_images/images/train
val: D:/Independent_Project/Raw_Data_Graph_images/images/val

nc: 3

names:
  0: dry_spill
  1: wet_spill
  2: no_spill
CHAPTER 5 –EVALUATION 
Across all experiments, YOLOv11n demonstrated the ability to recognise spill‑event shapes within line‑graph images. Synthetic data provided controlled conditions to refine design choices, while raw data introduced realistic variability that tested generalisability. The model consistently differentiated wet‑weather and dry‑weather spills, with minor confusion in borderline rainfall conditions. Real‑time overlay confirmed deployment feasibility. Collectively, the results support the hypothesis that visual spill classification using object detection is viable.

Precision and recall behaved differently across datasets. Synthetic data produced high precision because spill shapes were idealised, repetitive from the R function loops, and consistent, whereas raw data introduced noise that reduced precision but increased recall, indicating the model detected most true spills even when classification confidence was lower. mAP provided a balanced view of performance across both classes, remaining stable despite dataset variability. IoU scores confirmed bounding‑box alignment was generally strong, with minor drift in borderline rainfall conditions. These behaviours are consistent with object‑detection literature, where real‑world variability typically reduces precision but improves generalisability.

Precision and recall behaved differently across datasets. Synthetic data produced high precision because spill shapes were idealised and consistent, whereas raw data introduced noise that reduced precision but increased recall, indicating the model detected most true spills even when classification confidence was lower. mAP provided a balanced view of performance across both classes, remaining stable despite dataset variability. IoU scores confirmed bounding‑box alignment was generally strong, with minor drift in borderline rainfall conditions. These behaviours are consistent with object‑detection literature, where real‑world variability typically reduces precision but improves generalisability.


Experiment 1: Synthetic Lines
The first experiment tested feasibility: could YOLO detect simple line‑based shapes? Three classes; incline, decline, and flatline, were generated. YOLOv11n achieved high precision and recall across all classes, confirming line‑graph‑like objects were detectable and that hardware could complete training without instability. This experiment validated the approach and justified progressing to more complex synthetic spill shapes.

Experiment 2: Synthetic Spills
Synthetic spill images introduced level trends, rainfall histograms, and threshold shading. YOLO achieved strong precision and stable bounding‑box placement, but signs of overfitting emerged: the model learned the synthetic loop shape too strongly, occasionally predicting dry spills slightly above the threshold due to consistent synthetic patterns. Despite this, class separation remained clear, and mAP values were high. This experiment demonstrated that YOLO could recognise spill shapes and contextual rainfall patterns, while also highlighting the need for raw data to improve generalisability.

Experiment 3: Raw EDM Data
Raw data introduced realistic variability: missing rainfall values, irregular spill shapes, noise, and inconsistent seasonal patterns. Precision decreased compared to synthetic data, but recall increased, indicating that YOLO detected most true spills even when confidence was lower. The confusion matrix showed minor misclassification between wet and dry spills in borderline rainfall conditions. IoU scores confirmed generally strong bounding‑box alignment, with slight drift in noisy segments. This experiment provided the strongest evidence of real‑world feasibility and demonstrated that YOLO could generalise beyond idealised synthetic shapes.

Final Experiment: Real‑Time Screen Overlay
The final experiment tested practical deployment. YOLOv11n successfully drew bounding boxes on a live graph as it rendered, with stable confidence scores and fast inference. This confirmed that lightweight YOLO variants are suitable for real‑time analyst support, aligning with human‑in‑the‑loop principles. The overlay demonstrated how spill regions could be highlighted automatically, reducing manual scanning time and supporting training for less experienced analysts.

[bookmark: _Toc235796451]
Experiment 1 Figures
[bookmark: _Toc235796388] Figure 14Figure 13 Left: 400x400 pixel resolution, boxes encompass whole image, right: 900x900 res and thicker lines show more accurate bounding boxes.
[bookmark: _Toc235796452]Comparison of Experiment 2 and Experiment 3 results, box curves

[bookmark: _Toc235796389]Figure 15 Left: Synthetic spills, shows more typical well performing model results, Right: Experiment 3 raw data results, box curves show more instability

[bookmark: _Toc235796453]
Experiment 2b Figures.
[bookmark: _Toc235796390]Figure 16 Left: Experiment 2b Train_batch 252 2 mosaic, right: Experiment 3 val_batch2_labels shows slight drift further right.
[image: ]
[bookmark: _Toc235796391]Figure 17 Experiment 2 synthetic data results: loss, precision, recall mAP training scores. 
[bookmark: _Toc235796392]Figure 18 Experiment 2b: Left: Confusion_matrix_normalized, right: labels.

[bookmark: _Toc235796454]
Experiment 2c Figures.[bookmark: _Toc235796393]Figure 19 Experiment 2c Left: train_batch800  Right val_batch0_pred, dry_spill still low contrast, repositioned rainfall at rhe 100% threshold level for more overlap with spill level:  accurate detection

 

[image: ]
[bookmark: _Toc235796394]Figure 20 Experiment 2c Left: Conusiuon_matrix_normalised, right: labels.
[bookmark: _Toc235796395]Figure 21 Experiment 2c last synthetic classifier results 200 images, loss, precision, recall mAP, training scores.

[bookmark: _Toc235796455]Final Experiment using Raw Data[bookmark: _Toc235796396]Figure 22 Final Experiment Train and Val mosaics: Left: Train_batch2, Right: val_batch0_pred.jpg

 


[image: ]
[bookmark: _Toc235796397]Figure 23 Final Experiment using raw data, dry and no spill classification swapped places since synthetic data (for better bounding box contrast) so confusion matrix slightly different, labels show more noise
[bookmark: _Toc235796398]Figure 24 Final Experiment using raw data results , less stable recall and prevision synthetic data shows better curves.

[bookmark: _Toc235796456]CHAPTER 6 - CONCLUSIONS AND RECOMMENDATIONS 

The model results do support the hypothesis but do not fully prove it. Instead, the results may be considered as showing promise, but ultimately the raw data set was too small, and the rarer dry spill effects too infrequent, also generally short so they register only seem to register as straight vertical lines, within the data set to be properly trained. The synthetic data set, evenly balanced by looping through no_spill, wet_spill, and dry_spill functions ensures an even distribution for training, shows strong results. 

Experiment 2c, the final synthetic dataset, used only two hundred images for training and validation as opposed to 2b which used five hundred (load testing). The results being so encouraging, in addition to time constraints, formed the decision to use two hundred raw level & rainfall-built graphs, with an additional fifty ‘unseen’ images reserved for testing. However, the final model metrics revealed instability amongst precision and recall, mAP scores less satisfactory. Raw data, as expected, introduced more noise, YOLO performed well with the synthetic data if anything recognising the line shape too well and classifying more from the line position than the presence of rainfall when trailing a screen overlay tool. 

Recommendations for the future, as the model performs extremely well at recognising line profile, as supported in the literature review by use on ECG waveforms, other data, flow rising and pressure dropping to detect leeks for example, may be worth exploring further. Level and rainfall data used to classify data, although an interesting experiment is a simplified logic, more input would be required from experts reporting on the data with additional variables accounted for. The Plot generation is also extremely strict, consistent axis and threshold positioning, no auto scaling and as a result generalisability will be poor, being only trained on short dry spills also means the model will struggle to identify longer events.  


[bookmark: _Toc235796457]CHAPTER 7 – REFLECTION

As a proof of concept, the project has fulfilled its purpose, indicating YOLO could be utilised with larger more well-informed data sets, however licensing would need to be sought with Ultralytics, unless made open source. If shared with other water companies, this could present opportunities for larger annotated training sets. The development of a human in the loop classification administrative tool will not be beneficial at this stage until better metrics can be achieved, but the prototype is now at a stage where additional feedback would greatly improve any additional phases, the wireframe remains to illustrate the concept but is nonfunctional. This feedback is essential as upon review, a bias toward visual analysis must be considered. Although supported by the literature review, as a visual thinker., there was clearly an early bias toward literature which supported this form of analysis. Whilst it fulfils the original brief to explore innovative and creative solutions to problems, wider input is essential to ensure the tool would benefit a wide range of users not just visual learners. 

Several limitations were identified. The dataset size was small, and synthetic data introduced shape bias that the model learned too strongly. Raw EDM data contained missing values and inconsistent rainfall patterns, reducing classification certainty. Only two classes were used, limiting the model’s ability to distinguish long spills, spurious spikes, or maintenance events. No pump‑status or flow data were included, reducing contextual richness. The project did not evaluate cross‑site generalisability or conduct user testing, meaning operational value is inferred rather than demonstrated. Hardware constraints limited experimentation with larger YOLO variants. These limitations do not undermine feasibility but highlight the need for expanded datasets and multi‑variable inputs in future work.

Future work should expand the dataset across multiple sites and seasons, incorporate pump‑status and flow data, and explore multi‑class spill categorisation. Additional experiments using YOLOv11s or YOLOv11m could assess performance gains from larger architectures. Human‑in‑the‑loop testing would determine whether bounding‑box outputs improve analyst consistency and training speed. Integration with existing telemetry dashboards could evaluate real‑time deployment feasibility. Finally, exploring synthetic augmentation for rare dry‑weather spills may improve class balance and robustness.


[bookmark: _Toc235796458][image: ]Acronyms:

[bookmark: _Toc235792736][bookmark: _Toc235796399]Figure 25 Table of Acronyms used above.
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# Black border around plot to try and minimise white space misclassification
# observation using screen overlay on the synthetic spill model

geom_rect(
xmin = 0, xmax = nrow(df),
ymin = 0, ymax = y_max_level,

Fi11 = w4, colour - "EIEEER", linewidth - 1
)+

ggtitle(paste("Raw Data ", image_name)) +

theme_mininal (base_size = 14) +

thene(
panel.grid
axds.title.x

)

element_blank(),
element_blank()
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# 5. Plot Function: rainfall anchored at threshold (inverted)

plot_raw_week <~ function(df, image_name) {

ggplot(df, aes(x = 1:nrow(df))) +

# wighlight spill region (above 100%) red associate with alarm but mistyrose more subtle

annotate("rect”,
xmin = 0, xmax = nrow(df),

ymin = threshold_level, ymax = y_max_level,
Fi11 = ‘mistyrosel’, alpha = 0.4) +

# Rainfall drawn downward from threshold, blue because of water water association

geom_ribbon(
aes(
ymin = threshold_level - Rainfall * 5, # - scale like synthetic
ymax = threshold_level
)y
1 - O,
alpha = 0.45,
colour - "EHIE".
Tinewidth = 0.3
)+

# Red level line (raw Level%) selected for high contrast,
# observation: YoLovlin will read a black line even if trained on red

geom_line(aes(y = Level.), colour - "I, linewidth = 1.7) +

# X axis = days (96 intervals per day’
scale_x_continuous(
breaks - 5eq(96, rows_per_image, by = 96),
Tabels = pasteo("pay ", 1:7),
expand = (0, 0)
)+

# Y axis & rainfall secondary axis
scale_y_continuous(
name = "Level (%)",
Timits = c(0, y_max_level),
sec.axis = sec_axis(

transform = ~ (threshold_Tevel - .) / 5 / 2,
name = "Rainfall (mm/h)",
breaks = seq(0, 10, by = 1),

labels = seq(0, 10, by = 1)

)+
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# Black border around plot to try and minimise white space misclassification
# observation using screen overlay on the synthetic spill model

geom_rect(
xmin = 0, xmax = nrow(df),
ymin = 0, ymax = y_max_level,

Fi11 = w4, colour - "EIEEER", linewidth - 1
)+

ggtitle(paste("Raw Data ", image_name)) +

theme_mininal (base_size = 14) +

thene(
panel.grid
axds.title.x

)

element_blank(),
element_blank()
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# 5. Plot Function: rainfall anchored at threshold (inverted)

plot_raw_week <~ function(df, image_name) {

ggplot(df, aes(x = 1:nrow(df))) +

# wighlight spill region (above 100%) red associate with alarm but mistyrose more subtle

annotate("rect”,
xmin = 0, xmax = nrow(df),

ymin = threshold_level, ymax = y_max_level,
Fi11 = ‘mistyrosel’, alpha = 0.4) +

# Rainfall drawn downward from threshold, blue because of water water association

geom_ribbon(
aes(
ymin = threshold_level - Rainfall * 5, # - scale like synthetic
ymax = threshold_level
)y
1 - O,
alpha = 0.45,
colour - "EHIE".
Tinewidth = 0.3
)+

# Red level line (raw Level%) selected for high contrast,
# observation: YoLovlin will read a black line even if trained on red

geom_line(aes(y = Level.), colour - "I, linewidth = 1.7) +

# X axis = days (96 intervals per day’
scale_x_continuous(
breaks - 5eq(96, rows_per_image, by = 96),
Tabels = pasteo("pay ", 1:7),
expand = (0, 0)
)+

# Y axis & rainfall secondary axis
scale_y_continuous(
name = "Level (%)",
Timits = c(0, y_max_level),
sec.axis = sec_axis(

transform = ~ (threshold_Tevel - .) / 5 / 2,
name = "Rainfall (mm/h)",
breaks = seq(0, 10, by = 1),

labels = seq(0, 10, by = 1)

)+
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